Mountain ecosystems are experiencing rapid warming resulting in ecological changes worldwide. Projecting the response of these ecosystems to climate change is thus crucial, but also uncertain due to complex interactions between topography, climate, and vegetation. Here, we performed numerical simulations in a real and a synthetic spatial domain covering a range of contrasting climatic conditions and vegetation characteristics representative of the European Alps. Simulations were run with the mechanistic ecohydrological model Tethys-Chloris to quantify the drivers of ecosystem functioning and to explore the vulnerability of Alpine ecosystems to climate change. We correlated the spatial distribution of ecohydrological responses with that of meteorological and topographic attributes and computed spatially explicit sensitivities of net primary productivity, transpiration, and snow cover to air temperature, radiation, and water availability. We also quantified how the variance in several ecohydrological processes, such as transpiration, quickly diminishes with increasing spatial aggregation, which highlights the importance of fine spatial resolution for resolving patterns in complex topographies. We conducted controlled numerical experiments in the synthetic domain to disentangle the effect of catchment orientation on ecohydrological variables, such as streamflow. Our results support previous studies reporting an altitude threshold below which Alpine ecosystems are waterlimited in the drier inner-Alpine valleys and confirm that the wetter areas are temperature-limited. High-resolution simulations of mountainous areas can improve our understanding of ecosystem functioning across spatial scales. They can also locate the areas that are the most vulnerable to climate change and guide future measurement campaigns.
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To date, very few distributed ecohydrological studies have focused on the European Alpine ecosystems (Zierl, Bugmann, & Tague, 2007) , and they typically investigated few sites with special local features (e.g., Bertoldi et al., 2010; Della Chiesa et al., 2014; Rössler, Diekkrüger, & Löffler, 2012) . Conclusions from these studies are not generalizable to larger areas. For example, Della Chiesa et al. (2014) found an altitudinal threshold below which grass is water-limited in a dry inner-Alpine hillslope and call for more research to quantify this threshold. Because this threshold seems to characterize also evergreen forests in another inner-Alpine catchment (Rössler et al., 2012) , it becomes clear that a more comprehensive analysis of the spatial variability of ecohydrological drivers and responses in the Alpine region is warranted.
Contrary to the western United States (e.g., Hinckley et al., 2014; Zapata-Rios et al., 2016) , no modelling study has explored the role of aspect on ecohydrology in the European Alps, although previous research has shown that slope orientation influences the sensitivity of plants to climate in this region (Leonelli, Pelfini, Battipaglia, & Cherubini, 2009 ). These knowledge gaps in vegetation-climate-topography interactions in the Alpine region hinder our ability to assess the impacts of climate and land use changes on mountain ecosystems (Viviroli et al., 2011; Voepel et al., 2011) . Additionally, recent research has shown that the cross-scale temporal variability of ecosystem processes is enveloped by the variability of hydrometeorological variables (Pappas, Mahecha, Frank, Babst, & Koutsoyiannis, 2017) . Distributed ecohydrological models offer the opportunity to explore the cross-scale variability of these processes not only in time but also in space. Indeed, modelling insights on the spatial scale dependence of ecohydrological processes may help us understand the controls of spatial distribution of vegetation (Thompson, Harman, Troch, Brooks, & Sivapalan, 2011) , which is crucial for predicting the response of the ecosystems to climate change (Voepel et al., 2011) . In summary, studying the spatial variability of ecohydrological variables might enhance our understanding of the climatic drivers of the various processes and thus help assessing climate change effects in mountainous ecosystems.
In this study, we used the distributed ecohydrological model A way to evaluate the response of ecosystems to climate change is through multiple simulations based on climate projections, which are very uncertain, especially in mountainous areas, where the downscaling is necessary and constitutes an additional source of uncertainty (e.g., Rössler et al., 2012) . Instead, here, we applied the "space-for-time" approach, in which ecological variables are correlated to naturally occurring topographic gradients (e.g., Dunne, Saleska, Fischer, & Harte, 2004; Goulden & Bales, 2014; Sundqvist, Sanders, & Wardle, 2013) . This approach hypothesizes that vegetation will respond to climate change following the same principles that determine its spatial distribution under current climate. Although this is not generally true across large climatic gradients (e.g., Fatichi & Ivanov, 2014; Goward & Prince, 1995; Huxman et al., 2004) , it is a reasonable assumption at the spatial scales of few tens of square kilometres. We correlated the spatial patterns of several simulated ecohydrological variables (including net primary production, leaf area index, transpiration, evapotranspiration, and snow cover duration, hereafter referred as "ecohydrological variables") to the spatial patterns of temperature, radiation, and water availability. Through a correlation analysis, we quantified how each of the dependent variables will respond to a unit change in each of the three drivers in a spatially explicit way for different vegetation types and climatic conditions. To generalize these sensitivities for a broader climatic spectrum, we repeated the same sensitivity analysis on a synthetic domain with simple topography and uniform vegetation cover for two contrasting climates of the Alpine region (the wet Bernese highlands and the dry inner valley of the upper Rhone basin). Using the same experimental setup, we quantified the role of catchment orientation on ecohydrological processes, such as streamflow.
| METHODS

| The T&C model
We used the mechanistic ecohydrological model T&C (Fatichi, Ivanov, & Caporali, 2012; Fatichi & Pappas, 2017; Manoli, Ivanov, & Fatichi, 2018; Pappas, Fatichi, & Burlando, 2016) , which simulates the principal processes of the hydrological cycle, such as precipitation interception, transpiration, ground evaporation, infiltration, and surface/subsurface water fluxes, including the lateral transfer of water. It further simulates plant-related processes, such as photosynthesis, phenology, carbon allocation, and tissue turnover.
It resolves the mass and energy budgets over complex topography, explicitly considering the spatial variability of meteorological fields, soil properties, vegetation, and the topography effect on the distribution of incoming radiation. More details about the model are presented in Text S1.
| Model simulations
We selected the Kleine Emme catchment in central Switzerland (Figure 1) as a typical wet Alpine case study. The Kleine Emme catchment (478 km 2 ) is mostly covered by grassland, evergreen forest, and mixed (evergreen-deciduous) forest, and the dominant soil type is silt/sandy loam ( Figure S1 ). The mean catchment elevation is 1,050 m asl (range:
431-2,329 m asl). The long-term catchment-average mean for precipitation and air temperature are 1650 mm year −1 and 7.7°C, respectively (Pappas, Fatichi, Rimkus, Burlando, & Huber, 2015) . , and soil texture data were derived from the Swiss soil map (GEOSTAT, 2000) . We used a uniform soil depth of 0.6 m in the whole catchment in the absence of more precise information.
Data from three meteorological stations in or near the catchment were used to derive the meteorological input for the model (Table 1) .
Based on the elevational lapse rates, which were estimated for every hour of the simulation period assuming linear regressions according to the elevation of the stations, T&C computed the maps of air temperature (Figure 2a ), air pressure, wind speed, and dew point temperature (to subsequently use vapour pressure). Shortwave radiation was computed based on local and remote topographic effects (Figure 2b ).
For precipitation, we used a distributed product with 2-km resolution and daily time step (Wüest et al., 2010, Figure 2c ). Daily to hourly disaggregation of precipitation was based on the rainfall timing observed at the three stations (as described in Fatichi, Katul, et al., 2015) . The model was run at 100-m spatial resolution and hourly temporal resolution for a period of 5 years (2000) (2001) (2002) (2003) (2004) (2005) . The first year of the simulation period was discarded to eliminate issues related to model spin-up; thus, only 4 years were finally analysed.
We used vegetation parameterizations derived from previous applications of T&C for sites of the Swiss FluxNet network , which reproduce realistically carbon, water, and energy responses (Fatichi & Pappas, 2017; Fatichi, Rimkus, Burlando, Bordoy, & Molnar, 2015; Fatichi, Zeeman, Fuhrer, & Burlando, 2014) . Only discharge data from two sites are available for validating the hydrological response in the Kleine Emme catchment (Table S1 ). The good model performance at the hourly and daily timescales We investigated the differences between two common Alpine vegetation covers, that is, evergreen forest and managed grassland.
Each vegetation cover was assigned in the entire domain, and model parameterization followed previous T&C studies Fatichi & Pappas, 2017; Fatichi, Rimkus, et al., 2015) . We conducted four simulations to combine the different climates and vegetation types (i.e., wet evergreen forest, wet grassland, dry evergreen forest, and dry grassland). We excluded the first simulated year in each case to eliminate problems related with the spin-up, and we thus used the 4-year average for the subsequent analyses. The spatial resolution of the simulations is 100 m, and we used hourly time step. Figure 4 shows an overview of meteorological input and simulated Churkina & Running, 1998; Nemani et al., 2003; Seddon, Macias-Fauria, Long, Benz, & Willis, 2016) . Because soil moisture is a model output (and thus, it is influenced by many factors), we preferred to use a topographic proxy to express water availability. We compared two indexes:
the upstream area and the topographic wetness index (hereafter "topographic index") and retained the latter because it has a better explanatory power to describe moisture availability (more details in Text S2 and Tables S2 and S3 ).
We performed one regression for each ecohydrological variable (separately for each vegetation type in the Kleine Emme catchment) using the three explanatory variables (i.e., air temperature, shortwave radiation, and topographic index). We first visually inspected the scatter plot of each dependent variable against each explanatory variable to decide if their relationship is rather linear or quadratic.
A generalized equation in its full version is the following:
( 1) where y is the dependent variable (e.g., leaf area index, LAI) and x 1 , x 2 , and x 3 are the three explanatory variables (i.e., air temperature, radiation, and topographic index).
Statistical metrics from these regressions were used to detect outliers: every pixel for which the leverage or the Cook distance was FIGURE 4 Four-year mean annual (a) temperature, (b) shortwave radiation, (c) precipitation that are used as input meteorological variables to the model and 4-year mean annual simulated (d) transpiration, (e) leaf area index (LAI), (f) net primary production (NPP), (g) soil evaporation, (h) fraction of time with soil saturation, and (i) fraction of time with snow cover for the dry grassland experiment in the synthetic domain outside of the 99.9 percentile of the corresponding distribution was excluded as an outlier, and the regressions were recomputed. Based on the final regressions, we computed the sensitivity of the dependent variables to each explanatory variable as the respective partial derivative. For example, the sensitivity of the dependent variable y to the explanatory variable x 1 in Equation (1) is
Equation (2) shows that the sensitivity of every dependent variable to one explanatory variable is a function of all the three explanatory variables, because the sensitivity is affected by where the dependent variable is located in the three-dimensional space (the three dimensions correspond to air temperature, shortwave radiation, and topographic index). Note that in the following, when we refer to the sensitivity of a dependent variable y to an independent variable x,
we mean how much y will change for a unit change in x, that is, we use the mathematical partial derivative of a multivariate field to compute the sensitivity. This differs from how sensitivity is strictly defined in statistical terms (e.g., Pappas, Fatichi, Leuzinger, Wolf, & Burlando, 2013; Saltelli et al., 2008) and allows sensitivity values to be positive and negative according to the sign of the derivative.
This analysis provided three maps for each ecohydrological variable showing their distributed sensitivity to the three explanatory variables (one value for each grid cell and each explanatory variable).
However, the comparison of the relative importance of each explanatory variable with this analysis alone is infeasible, because the sensitivity to each explanatory variable has different units; that is, the sensitivity of annual transpiration to temperature, radiation, and topographic index is expressed in mm year To estimate the relative importance of each explanatory variable, we standardized all the variables (the dependent and the explanatory), so that the mean equals zero and the standard deviation equals one.
We repeated the sensitivity analysis as described above and computed the partial derivatives of each dependent variable to the three explanatory variables. In this analysis, we used the absolute values of the partial derivatives, because the sign does not affect the relative importance of each explanatory variable (besides, including the sign would be redundant, because this information emerges from the previously described non-normalized analysis). For each pixel of the domain, we computed the total sensitivity by summing the three partial derivatives and we divided each derivative by the total sensitivity. These normalized sensitivities were visualized using Red-Green-Blue (RGB) representation with one colour for each explanatory variable. The exact relationships for the normalized variables in the Kleine Emme catchment are given in Table S4 for four ecohydrological variables.
| Variance across spatial scales
To compare the spatial variability of the analysed meteorological and ecohydrological variables, we defined a range of variability (RV) of each variable, as an indicator of the scatter of the values around the mean. RV equals the double of its interquartile range (IQR), whichassuming a normal distribution-corresponds to 2.698*σ (σ is the standard deviation), expressed as percentage of the mean:
We investigated how the variance of several ecohydrological variables decreases with increased spatial aggregation, in both the synthetic domain and the Kleine Emme catchment. We used the 4-year average of simulated net primary production (NPP), transpiration, and other ecohydrological and meteorological variables. First, we standardized all the variables, so that the standard deviation of the original 100-m resolution equals one, in order to compare the spatial variability across different variables. Then, we aggregated the model output by assigning to each pixel the mean value of an area, which is increased stepwise. After computing the spatial variability of the original model output, the second step was to aggregate the surrounding cells of each pixel (e.g., three times larger resolution implies that nine pixels are aggregated). At each step, we extended the aggregation area to include the surrounding pixels of the pixels considered in the previous step; thus, the size of the aggregation area increases by 200 m in each direction at every step (see Figure S9 for an illustrative explanation). The analysis of the normalized variables shows that air temperature is the dominant control for NPP in most parts of the catchment ( Figure 6 and Table S5 ). The subplots in Figure 6 show the scatter of the originally modelled NPP against the regressed NPP (both FIGURE 6 Normalized sensitivity of net primary production (NPP) to air temperature, shortwave radiation, and topographic index in the Kleine Emme catchment. The red colour represents areas where temperature is the main control for NPP, green represents the radiation-limited areas, and blue is for areas where the topographic index is the dominant control. Inset scatter plots show the comparison between the original model output ("original") and the values that are calculated with the regression formula that was used for the sensitivity analysis ("regressed") for (a) evergreen forest, (b) mixed forest, and (c) grassland (the R 2 values of each regression are also shown). All variables are normalized FIGURE 5 Sensitivity of transpiration (T), evapotranspiration (ET), net primary production (NPP), and leaf area index (LAI) to air temperature, shortwave radiation, and topographic index in the Kleine Emme catchment. Green represents areas where an increase in the explanatory variable leads to an increase in the dependent variable (positive sensitivity), and magenta is for the areas where an increase in the explanatory variable leads to a decrease in the dependent variable (negative sensitivity). Areas shown in dark colour are those where the dependent variable is insensitive to the respective explanatory variable normalized) for the different ecosystems. The three explanatory variables describe relatively well the spatial distribution of NPP for the evergreen forest (R 2 > 0.7) but do less efficiently so for the mixed forest and the grassland (R 2 ≈ 0.4). It is important to notice that the maps of normalized sensitivity should be viewed through the lens of the magnitude of the absolute sensitivities: For example, one variable might appear to be the dominant control for an ecohydrological variable in a specific area only because the sensitivity to the other two drivers is closer to zero.
Air temperature is the primary control for most ecosystem variables in large parts of the domain. Not only for NPP, but also for LAI, air temperature is at least three times more important than radiation or topographic index in all elevation bands above 800 m (Table S5 and Figure S10 ). In the lower parts, all three explanatory variables are roughly equally important for transpiration whereas for ET, radiation is the dominant control (Table S5 and Figures S11 and S12). Snow processes are mainly driven by air temperature ( Figure S13 ). The scatter subplots in the aforementioned figures show that the three explanatory variables provide a good regression for all variables in all three ecosystems (R 2 > 0.6); they only perform poorly for evergreen forest ET (R 2 = 0.2).
| Synthetic domain
Results from the experiments on the synthetic domain show very distinct patterns of NPP sensitivity ( Figure 7) . A comparison between different vegetation types shows that grassland NPP is much more sensitive to all three explanatory variables compared with evergreen forests (e.g., for sensitivity to air temperature, compare subplots 7a and 7b). Depending on the ecosystem and the location, an increase in air temperature by one degree would lead up to more than 100 gC m −2 (40 gC m −2 ) increase in annual NPP of the grassland (evergreen forest).
The climatic signal on NPP sensitivity is even more striking:
Although the wet ecosystems are limited by low temperatures in the whole elevation range (Figure 7a,b) , the dry ecosystems show a transi- In the dry climate, all ecosystem variables are negatively related to radiation (Figures 7g-h , S14g-h, S15g-h, and S16g-h). A 1-W m −2 increase in shortwave radiation could reduce grassland annual NPP by up to 40 gC m −2 , LAI by up to 0.04, and annual ET by up to FIGURE 7 Sensitivity of net primary production (NPP) to air temperature, shortwave radiation, and topographic index in the four experiments on the synthetic domain. Green represents areas where an increase in the explanatory variable leads to an increase in NPP (positive sensitivity), and magenta is for areas where an increase in the explanatory variable leads to a decrease in NPP (negative sensitivity). Areas shown in dark colour are those where NPP is insensitive to the respective explanatory variable 22 mm. In the wet climate, the sensitivity to shortwave radiation is much smaller. In both climates, grasslands are more sensitive to radiation than evergreen forests (in terms of transpiration, ET, and NPP).
Ecosystem sensitivity to topographic index is uniform in space;
the sensitivity of all ecosystem variables to topographic index is negative in the wet and positive in the dry experiments. Increasing the topographic index by one unit could increase ET by up to 30 mm year −1 in the dry climate and decrease it by up to 25 mm year −1 in wet climate ( Figure S14 ).
Air temperature is the dominant control for NPP in large parts of the domain in all four numerical experiments (Figure 8 ; for the dry grassland, see also Table S6 ). In areas where the sensitivity to air temperature is small (either in the low elevations in the wet experiments, e.g., Figure 8a -b, or in the transition zones between positive and negative sensitivity to temperature in the dry experiments, e.g., Figure 8c -d), topographic index emerges as the dominant driver, but its effect is generally smaller compared with air temperature (Table S6) .
Compared with the other ecosystem variables, NPP is the most sensitive to high temperature in the low elevations of the dry experiments (Table S6 ). For all ecohydrological variables, the best fit is achieved in the dry grassland (R 2 > 0.9) and the poorest in the wet evergreen forest (R 2 ≈ 0.7).
| The role of catchment orientation
When aggregating the model output to the catchment level of the synthetic domain (eight catchments along the cardinal and intercardinal directions), the differences in mean annual radiation between the north-and south-facing catchments are roughly 16%
( Figure 9a ) and only up to 12% for most ecosystem variables in all four synthetic experiments (Figure 9b-f) . Transpiration of the wet evergreen forest peaks in the south-facing catchment, whereas NPP of FIGURE 8 Normalized sensitivity of net primary production (NPP) to air temperature, shortwave radiation, and topographic index in the four experiments on the synthetic domain. The red colour represents areas where temperature is the main control for NPP, green represents the radiation-limited areas, and blue is for areas where the topographic index is the dominant control. Inset scatter plots show the comparison between the original model output ("original") and the values that are calculated with the regression formula that was used for the sensitivity analysis ("regressed," R 2 values are also shown). All variables are normalized the dry grassland peaks in the north-facing catchments (Figure 9b,d ).
The radiation signature in hydrological variables is consistent with expectations that north-exposed catchments produce higher runoff because of the longer snow cover duration and lower evapotranspiration, but the differences are relatively small in magnitude, typically between ±4% of the total domain average (Figure 9e,f) . 
| Synthetic domain
The four experiments on the synthetic domain reveal considerable differences among vegetation types and climates ( Figure 11 ). The most variable meteorological input in both examined climates is air temperature, the RV of which exceeds 50%. The RV of shortwave radiation is approximately 26%, and precipitation is almost uniform throughout the synthetic domain in the dry climatic conditions (Figure 11a-c) .
Results from the T&C simulations show that the RV for transpiration, LAI, and NPP is lower in dry conditions (RV < 30%) compared with wet conditions (up to 40%) and lower in evergreen forests (<20%) compared with grasslands (up to 40%, Figure 11d -f). Hydrological 
| Ecosystem sensitivities
The use of natural gradients is common when studying ecological responses to potential changes on climate (e.g., Dunne et al., 2004 ), but to our knowledge, no distributed ecohydrological modelling study has incorporated this approach to date. The advantage of this approach relies in using a single distributed simulation for each scenario where spatial gradients are exploited to infer ecohydrological sensitivities to a number of explanatory variables.
| Ecosystem sensitivity to air temperature
We found that the vegetation is limited by low air temperature in large parts of both the Kleine Emme catchment (Figure 5a-d) and the synthetic domain (Figures 7a-d , S14b-d, S15a-d, and S16a-d), as expected in an Alpine environment. Based on the model output, we are able to quantify these sensitivities, providing estimates of expected changes in NPP, ET, etc., for a unit change in air temperature. This temperature sensitivity is correlated with elevation; in higher (colder) parts, temperature is the strongest control of ecosystem response. In agreement with our results, a study on a coniferous forest in a slightly wetter environment compared with our dry evergreen forest also found that transpiration sensitivity to air temperature increases with elevation (Christensen, Tague, & Baron, 2008) .
When moving to lower elevation, the sensitivity of several ecohydrological variables to temperature declines and can even reverse sign. Air temperature has a negative effect on NPP in the lower catchment parts in the two dry experiments (Figure 7c-d ). This reveals a threshold below which the vegetation is water-limited, and thus, an increase in temperature enhances transpiration early in the growing season and consequently reduces soil moisture and vegetation productivity at the annual scale. This threshold occurs at slightly higher elevation for the evergreen forest than for the grassland (around 1,700 m asl, Table S6 ),
in agreement with a previous study (Rössler et al., 2012) . in the top of the domain, in agreement with a previous study in the Alps (Strasser et al., 2008) . Evaporation and sublimation from interception is higher in the evergreen forest due to the higher amount of snowfall interception and the larger exposure to wind (lower aerodynamic resistance). In this case, sublimation is negatively correlated with temperature and affects the sensitivity of the whole ET flux to temperature. These findings are also obtained for the evergreen forests in the Kleine Emme catchment, but the heterogeneous vegetation cover makes this pattern less evident (Figure 5a-b) .
| Ecosystem sensitivity to shortwave radiation
Transpiration and ET exhibit a positive sensitivity to radiation in most parts of the wet domains (Figures 5e-f , S14e-f, and S16e-f). The sensitivity of NPP and LAI to radiation depends on the slope orientation:
south-facing slopes are radiation-saturated, whereas north-facing slopes are radiation-limited in Kleine Emme and the two wet experiments in the synthetic mountain (Figures 5g-h, 7e -f, and S15e-f).
In the dry climate, the negative effect of radiation is one order of magnitude larger than the positive effect in the wet climate in all ecohydrological variables. It is also stronger in south-facing slopes for all ecohydrological variables (Figures 7g-h , S14g-h, S15g-h, and FIGURE 10 Meteorological, topographic, and ecosystem spatial variability in the Kleine Emme catchment. Normalized Standard deviation as a function of spatial scale for air temperature, shortwave radiation, and topographic index in green, magenta, and black, respectively. Blue lines represent the spatial variability of several ecohydrological variables: the continuous line is for traspiration, the dotted line for net primary production (NPP), the dashed line for leaf area index (LAI), and the line with the star markers corresponds to the time fraction with snow cover (snoFra). Temperature and topographic index create an envelope that contains all the ecohydrological variables (shaded). All variables are normalized so that the standard deviation equals one for the original resolution of the simulations (100-m grid). For an explanation of the aggregation, see Figure S9 S16g-h), which shows that the south-facing slopes in the inner-Alpine valleys might be drought-prone. The negative effect of radiation is an indirect effect due to a temporary increase of transpiration and ET that leads to an emergence or a quicker onset of water stress and an overall reduction of NPP, LAI, transpiration, and ET at the annual scale.
| Ecosystem sensitivity to water availability
The maps of topographic index sensitivity in Kleine Emme show that transpiration and ET are negatively correlated with topographic index (Figure 5i-j) . The sensitivity of NPP and LAI to topographic index is mostly negative and only slightly positive along some ridges (Figure 5k-l) , which may imply that an increase in soil moisture would be beneficial for vegetation in these steep hillslopes.
In the wet experiments, all ecosystem variables show a negative sensitivity to topographic index (Figures 7i-j, S14i-j, S15i-j, and S16i-j), but, contrary to the Kleine Emme catchment, the sensitivity is uniform across elevations. The negative sensitivity is the result of temporary saturation and sporadic water logging in topographically convergent areas, which suppresses vegetation productivity.
In the dry scenarios, the sensitivity to topographic index is instead positive and relatively uniform throughout the domain (Figures 7k-l , S14k-l, S15k-l, and S16k-l). Topographic convergent areas, which are generally wetter (because they receive contributions of surface and subsurface water from upstream cells), are less water-limited.
Studies of the spatio-temporal variability of transpiration and ET in a catchment covered by coniferous evergreen forest in the United
States (comparably dry to our dry scenarios) showed that the sensitivity to soil moisture depends on air temperature (or, equivalently, elevation; Christensen et al., 2008; Lundquist & Loheide, 2011) .
However, we did not detect a significant interaction between the sensitivity of ET to topographic index and elevation in the dry experiments ( Figure S14i-l) .
| Which is the dominant driver of Alpine ecohydrological processes?
Air temperature emerges as the main control of NPP and LAI in most parts of the Kleine Emme catchment (Figures 6 and S10 ). Temperature is also the dominant control of transpiration and ET at the highest elevation of the synthetic domain. The analysis in the synthetic domain verifies that in all cases (except for the wet evergreen forest transpiration and ET and the dry grassland ET), temperature is the dominant driver of ecohydrological processes, at least above 1,800 m asl
Range of spatial variability in the four experiments in the synthetic domain. Boxplots of (a) temperature, (b) shortwave radiation (ShRad), (c) precipitation, (d) transpiration, (e) leaf area index (LAI), (f) net primary production (NPP), (g) soil evaporation (sEvap), (h) fraction of time with soil saturation (satFra), and (i) fraction of time with snow cover (snoFra). For the meteorological forcing (a-c), we distinguish between the wet and dry experiments and for the ecohydrological variables we distinguish also between grassland and evergreen (using the symbols w_g, w_e, d_g, and d_e for wet grassland, wet evergreen forest, dry grassland, and dry evergreen forest, respectively). Each boxplot represents the 4-year average annual values for each simulated cell of the domain. The box length provides the interquartile range (I QR ), the bottom of the box the 25th percentile (first quartile, q 1 ), the top of the box the 75th percentile (third quartile, q 3 ), and the horizontal line within the box the median value. The lower whisker corresponds to q 1 − 1.5I QR , or to the minimum estimate, and the upper whisker corresponds to q 3 + 1.5I QR , or to the maximum estimate. The number on the x-axis is the range of variability (RV), as defined in Section 2.4. Outliers outside the whiskers are not shown (Figures 8, S17 , S18, and S19); sensitivity patterns in wet ecosystems agree with the results from the Kleine Emme catchment. Many researchers have concluded that mountain ecosystems are particularly sensitive to temperature; from dry grasslands in the Tibetan Plateau (Saito, Kato, & Tang, 2009) to the treeline in the Patagonian mountains (Mayor et al., 2017) , air temperature is a key ecosystem driver. Thus, the dominant role of temperature does not come as a surprise, but its absolute quantification and relative comparison with the other variables is an innovative contribution of this modelling study.
In the dry scenarios, where the sensitivity to temperature changes from positive to negative when moving from higher to lower areas, we found an intermediate zone, in which topographic index is the dominant limiting factor, only because the other controls become much smaller. Note that in low-elevation areas, temperature exerts an important but indirect control because it reduces ET, transpiration, and vegetation productivity by enhancing water stress and altering the seasonal dynamics of these variables.
| How important is catchment orientation?
The comparison between catchments with different orientation shows that the role of shortwave radiation is evident mostly in snow-related processes and runoff, whereas vegetation is less affected by aspect. A study in a relatively dry mountain in northern New Mexico, US,
showed that the catchment orientation strongly controls vegetation productivity (Zapata-Rios et al., 2016) in an ecosystem that is severely energy-limited (thus, NPP is lower in the north-facing slopes). However, we found that dry evergreen NPP is uniform across catchments with different orientation for most experiments. Only NPP of the dry grassland peaks in the northeast-facing catchment, because water limitations are a dominant control and north-exposed catchments with lower radiation are less water-stressed (Figure 9d ). The differences between the two studies might be due to the different elevational range and latitude; the US mountain is higher and at lower latitude than our synthetic domain, and thus, differences in energy loads across catchments may be more pronounced.
FIGURE 12
Meteorological, topographic, and ecosystem spatial variability in the four experiments on the synthetic domain. Normalized standard deviation as a function of spatial scale for (a) air temperature, shortwave radiation, and topographic index in green, magenta, and black, respectively; (b) transpiration; (c) leaf area index (LAI); (d) net primary production (NPP); and (e) fraction of time with snow cover (snoFra). In subplots (b-e), red lines represent the dry ecosystems and blue the wet ones; dashed lines are used for evergreen forest, and continuous lines are used for grassland (w_g, w_e, d_g, and d_e stand for wet grassland, wet evergreen forest, dry grassland, and dry evergreen forest, respectively). The three variables of subplot (a) create an envelope that contains most ecohydrological variables in all experiments (shaded). All variables are normalized so that the standard deviation equals one for the original resolution of the simulations (100-m grid)
We found that LAI in all cases is rather insensitive to the catchment orientation. Transpiration in the wet grassland peaks in the southfacing catchment, indicating an energy-limitation, but it is relatively insensitive in the other scenarios (Figure 9b ). Overall, our findings show that the catchment-integrated effect of radiation on Alpine ecosystems is smaller than expectations based on the complex topography of these environments, because low air temperature is the most limiting "energy" control. However, these results are obtained with a relatively simplified experiment (e.g., uniform soil properties and vegetation) that may not capture all the complex signatures of aspects in the hillslopes (see Section 4.4.2 for a discussion of limitations).
| Cross-scale spatial variability in Alpine ecohydrology
We examined how the spatial variability in major ecohydrological pro- Using a coarser spatial resolution, beyond neglecting ecosystem spatial heterogeneity, can potentially also affect the overall mean in the domain and thus the large-scale fluxes . The presented results reinforce several recent studies that have demonstrated the potential of high-resolution simulations in better capturing ecohydrological dynamics under current or future conditions (Etchanchu et al., 2017; Le & Kumar, 2017; Passalacqua et al., 2015) , especially when identification of patterns is sought.
Another emerging aspect is the role of evergreen forests and dry climate in reducing the spatial heterogeneity in the ecohydrological response ( Figure 11 ). When compared with grasslands, evergreen forests have deeper roots and larger LAI; thus, they tend to respond less than grasslands to local microclimatic conditions and elevation differences, which explains the reduced spatial variability in ecohydrological variables of the evergreen forests. A similar effect is generated by the dry climate in the synthetic mountain, which leads to more widespread water limitations, thus dampening spatial variability when compared with the wet scenario.
The spatial variability of each ecohydrological variable follows a different trajectory across aggregation scales. The proximity of the spatial variability of topographic or meteorological variables provides a qualitative link to the main driver of the ecohydrological dynamics. This is apparent in the snow-related variables (e.g., duration of snow cover), the variability of which follows air temperature in the Kleine Emme catchment (Figure 10 ) and in all the experiments on the synthetic domain (Figure 12e ). Other variables are less easy to interpret, but in general, wet ecosystems and grasslands tend to be more temperature-driven, whereas for dry ecosystems and for evergreen forests, soil moisture and radiation are also important. These findings confirm the results of the sensitivity analysis.
The analysis of spatial variability presented here, besides revealing the connections between the spatial scaling of ecohydrological and topographic/meteorological variables, represents a preliminary step towards an improved understanding of the role of spatial scaling in ecohydrology. Previous modelling attempts explored the relations between hydrological processes and the spatial patterns of vegetation by using different aggregation methods, based on synthetic networks of flow paths (e.g., Thompson et al., 2011) or linking the hillslope scale to the catchment scale (e.g., Hwang, Band, & Hales, 2009) . Results presented here show that T&C could offer an opportunity to further explore these patterns.
| Limits of interpretation 4.4.1 | Lateral water flows and soil moisture
The T&C model simulates lateral surface and subsurface water flows, which are currently neglected in many land surface models. Recent studies showed that models incorporating these processes (e.g., Ivanov et al., 2008a) can simulate the heterogeneity of water and energy fluxes more realistically (Ji, Yuan, & Liang, 2017; Maxwell & Condon, 2016) . This model advantage is reflected in the simulated patterns of soil effective saturation and subsequently on the spatial patterns of transpiration, LAI, and NPP ( Figures 2, 4 , S6, S7, and S8).
In both experiments on the wet climate, the soil in the valleys is saturated for almost the entire simulation period; this might be an artefact of the design of the synthetic domain, because each catchment is designed to maximize convergence and thus the collection of water. Another possible source of long periods with saturation might be the assumption on which the model simulates the subsurface water flow. T&C uses the kinematic wave approximation (i.e., assumes that the hydraulic head parallels the surface topography), which is invalid in shallow terrains (Brutsaert, 2005; Chow, Maidment, & Mays, 1988; Vieira, 1983) . For this reason, the model might overestimate the soil moisture in the near-stream areas. The use of uniform soil depth in both the synthetic domain and the Kleine Emme catchment might also bias the simulated soil moisture. Indeed, previous research showed that soil depth varies with elevation (e.g., Bertoldi, Rigon, & Over, 2006) and variations in soil depth can affect transpiration patterns (Tromp-van Meerveld & McDonnell, 2006) and thus soil moisture and discharge.
The calibration against discharge shows that T&C performs slightly poorer during periods of low flow ( Figures S3, S4 , and S5), which may reflect effects of heterogeneity in the subsurface boundary conditions that the model ignores, such as variabilities in soil or root depth or the presence of groundwater. These can potentially contribute to streamflow and also to plant available water during periods of low soil moisture (Klos et al., 2018; Rodriguez-Iturbe, D'Odorico, Porporato, & Ridolfi, 1999 supported by a study in a pre-Alpine catchment (Hingerl et al., 2016) . We note that (regardless of the validity of the simulated soil moisture) the grassland parameterization adopted for this environment might be unsuitable because near-stream and riparian areas are generally covered by vegetation adapted to wet environments (e.g., similar to wetlands). Therefore, the use of a single parameterization for grass probably leads to an overestimation of the ecosystem sensitivity to high soil moisture conditions in these areas.
| Synthetic mountain set-up
Additional uncertainties arise from the simplicity of the synthetic domain. The choice of clay loam might lead to lower drainage capabilities and to overestimated soil moisture, because in most parts of the Alpine region, soil texture is typically coarser (e.g., more sandy soils).
We chose this solution to counterbalance the cumulative drainage imposed by the length of the continuous hillslopes, which is much longer in the synthetic domain than in reality. Additionally, beyond radiation, other ecosystem properties that we assumed constant in space may covary with aspect. For example, soil texture and organic matter may differ between north-and south-facing slopes (e.g., Egli et al., 2009; Egli, Mirabella, Sartori, Zanelli, & Bischof, 2006) ; soil depth and vegetation characteristics may also covary with aspect (e.g., Hörsch, 2003) potentially producing indirect effects of aspect that cannot be accounted for in the presented analysis. For instance, a tree-ring study in the Italian Alps showed that the sensitivity of tree growth (which is related to variables we simulated, e.g., NPP) to air temperature changes with aspect (Leonelli et al., 2009) . A study in a Californian pine forest showed that tree sensitivity to temperature may even change sign from north-to south-facing slopes (Salzer, Larson, Bunn, & Hughes, 2014) . However, we detected practically no interaction between ecosystem sensitivity to air temperature and aspect. This might be also due to the meteorological input we used for the model simulations, which was based on elevational lapse rates, thus neglecting any effect of topographic features-other than elevation-on meteorological variables (e.g., air temperature fields ignore the effect of aspect).
4.4.3 | The use of the "space-for-time" approach
The innovative application of the "space-for-time" approach on model outputs offers an attractive alternative at the local scale to the traditional approach in which uncertainties from climate change projections and downscaling techniques would propagate and affect the model output (e.g., Rössler et al., 2012) . However, the regressions between the ecohydrological responses and the three explanatory variables (i.e., air temperature, shortwave radiation, and topographic index) cannot fully describe the spatial variability in the variables simulated by T&C. These regressions are slightly poorer in Kleine Emme (insets in Figures 6, S10 , S11, S12, and S13) than in the synthetic domain (insets in Figures 8, S17 , S18, S19, and S20). We found that the three explanatory variables can describe the ecohydrological responses of grasslands better than those of evergreen forests in the synthetic domain (e.g., Figure 8c ,d) but not in the Kleine Emme catchment (e.g., Figure 6a ,c). Experiments in the synthetic domain show that ecosystems in dry climate are better approximated than ecosystems in wet climate (e.g., Figure 8a ,c). Lower R 2 implies that the three explanatory variables do not explain completely the spatial variability in the dependent variable; indeed, evergreen forests are more difficult to describe with a simple regression than grasslands, and in wet conditions, the limitations by water ponding may also downgrade the explanatory power of the regressions. This is evident, for example, in the departure from the 1-1 line in the scatter inset of Figures 8c, S17c, and S18c. The application of this approach for estimating climate change impacts on ecosystems also implies that the response of the ecosystems will follow the same principles that shaped its current spatial distribution, a hypothesis that might be invalid if the climate changes with unprecedented speed (e.g., Voepel et al., 2011) .
This hypothesis might also be inappropriate across large climatic and vegetation gradients where spatial sensitivities are typically larger than temporal ones (Fatichi & Ivanov, 2014; Hsu, Powell, & Adler, 2012; Huxman et al., 2004) .
| Simulating vegetation fitness and mortality
The evergreen forest in the upper part of the dry synthetic domain (which is also slightly colder than the wet domain) showed declining activity throughout the 5 years of the simulation. This implies that the model would predict a climate-driven forest line roughly between 2,100 and 2,200 m asl in agreement with estimates for Valais (Szerencsits, 2012) . However, the evergreen forest in the wet climate did not show any decline with time even at the highest elevation (2,500 m asl), although the forest line in the corresponding area (from which the meteorological data were used) lies even lower than in Valais (Szerencsits, 2012) . This points to model limitations in capturing vegetation productivity decline near the tree line. More generally, the failure of the model to predict the tree line may also convey a poor representation of tree mortality and temperature limitations on tree growth (Leuzinger, Manusch, Bugmann, & Wolf, 2013) . For example, although the model considers low-temperature stress in vegetation functioning, it ignores the effects of insects, which are an important disturbance for forests (Lindner et al., 2010; Rebetez & Dobbertin, 2004) .
It could also be a sign that reasons other than air temperature may also be important for the altitude of the forest line, such as changes in land use (Bolli, Rigling, & Bugmann, 2007) , or windthrow (Elkin et al., 2013) .
| CONCLUSIONS
We used a spatially explicit mechanistic model to simulate with fine spatio-temporal resolution major ecohydrological processes in an
Alpine catchment. The analysis of the spatial variability of several simulated ecohydrological variables shows that the vegetation in the wet
Alpine areas is strongly temperature-limited, as previously found (Bolli et al., 2007) , but the dry inner-Alpine catchments are water-limited, especially below 1,700 m asl (Della Chiesa et al., 2014; Leitinger et al., 2015; Rebetez & Dobbertin, 2004; Rössler et al., 2012) . 
